[1] Remote satellite detection of airborne volcanic ash is important for mitigating hazards to aviation and for calculating plume altitudes. Infrared sounders are essential for detecting ash, as they can distinguishing aerosol type and can be used day and night. While broadband sensors are mainly used for this purpose, they have inherent limitations. Typically, water and ice can mask volcanic ash, while wind blown dust can yield false detection. High spectral resolution sounders should be able to overcome some of these limitations. However, existing detection methods are not easily applicable to hyperspectral sounders and there is therefore a pressing need for novel techniques. In response, we propose a sensitive and robust volcanic ash detection method for hyperspectral sounders based on correlation coefficients and demonstrate it on IASI observations. We show that the method differentiates ash from clouds and dust. Easy to implement, it could contribute to operational volcanic hazard mitigation. Citation: Clarisse, L., F. Prata, J.-L. Lacour, D. Hurtmans, C. Clerbaux, and P.-F. Coheur (2010), A correlation method for volcanic ash detection using hyperspectral infrared measurements, Geophys.
Introduction
[2] Detecting and tracking atmospheric volcanic ash clouds are of utmost importance for the mitigation of the hazards to aviation, the validation of forward trajectory models and the calculation of volcanic plume altitudes via back trajectory modeling [Prata, 2009] . The detection of ash is also commonly used to condition microphysical retrieval of aerosol properties. The presence of upper tropospheric -lower stratospheric SO 2 is almost always associated with a volcanic eruption and since satellite detection of SO 2 is reliable and straightforward [Carn et al., 2009b; Clarisse et al., 2008] it is often used as a tracker of volcanic clouds and a proxy for volcanic ash. However, not every eruption emits measurable quantities of SO 2 , and when it does, it is not uncommon for ash and SO 2 to follow different trajectories at different altitudes [Holasek et al., 1996; Prata and Kerkmann, 2007] .
[3] Direct detection of volcanic ash, e.g., by the Volcanic Ash Advisory Centers, is routinely carried out using thermal infrared imagers (e.g., MODIS, AVHRR, GOES, SEVIRI). Most of the available algorithms find their origin in the reverse absorption method [Prata, 1989; Tupper et al., 2004] . It exploits the differential absorption between channels in the region 10 to 12 mm. While water and ice clouds absorb preferentially towards 12 mm, ash clouds absorb preferentially towards 10 mm. There are a number of limitations to the reverse absorption technique [Pavolonis et al., 2006] , such as the fact that water and ice clouds can have a masking effect on the observation of volcanic ash, while wind blown mineral dust can yield false detection (see Figure 1 ). Several multichannel extensions and new algorithms have been proposed, enhancing both the sensitivity and robustness [see, e.g., Ellrod et al., 2003; Pergola et al., 2008; Tupper et al., 2004; Pavolonis and Sieglaff, 2009] .
[4] With the advent of the infrared sounders AIRS and IASI, and in the perspective of the planned GMES Sentinel missions for atmospheric composition, hyperspectral sounders are becoming increasingly important. While it is likely that these can overcome some of the limitations of broadband sensors (Figure 1 is a good example of how a spectrometer can discriminate more than an imager), there has been little progress in developing a universal volcanic ash detection algorithm that can exploit their high spectral sampling and coverage. One of the problems is that there is no universal ash spectral signature, but that the spectral signature depends on the specific composition and grain size of the ash. A common approach for hyperspectral sounders, similar to the reverse absorption algorithm is to simply take the brightness temperature difference of two well chosen channels. This method has been applied to track both volcanic ash and dust plumes DeSouza-Machado et al., 2006; Carn et al., 2005] . While such an approach can already outperform broadband sensors in some areas (e.g., channels can be chosen to avoid interference with water vapor), it has also some distinct disadvantages, such as the excess sensitivity to surface emissivity variations and single channel noise.
[5] Recently, Gangale et al. [2010] proposed the concavity algorithm which for the first time takes advantage of the numerous spectral channels available from the hyperspectral sounders for the detection of volcanic ash. The method is based on the correlation of the channels around 12 mm and a concave parabola (see next section). The idea of using correlation functions has been applied to the study of spectra before, using cross correlations [Beer and Norton, 1987] and autocorrelations [Serio et al., 2000; Masiello et al., 2002] of observations with synthetic spectra. The latter finds applications in satellite remote-sensing (detection of cloud clear and homogeneous scenes) but is not directly applicable to volcanic ash detection. In this letter we extend upon the idea of using correlation functions to detect similarities in spectral signatures (shapes): We present an algorithm, capable of detecting volcanic ash with higher sensitivity and a lower error rate than methods based on brightness temperature differences alone; efficiently distinguishing ash aerosol from other aerosol, including water clouds and sand. The algorithm is not computationally demanding and can therefore be applied for the near real time detection of volcanic ash. In the next section we detail the algorithm and subsequently demonstrate its performances on a number of IASI observations. IASI measures the thermal infrared radiation emitted by the Earth and the atmosphere in nadir mode with a spectral coverage from 645 to 2760 cm −1 and a sampling of 0.25 cm −1 [Clerbaux et al., 2009] .
Ash Correlation Method
[6] Figure 2 shows 10 IASI observations of volcanic plumes and dust storms. The wide variety of broadband aerosol extinction features between 700 and 1200 cm −1 shown in Figure 2 illustrates the difficulty in finding a single criterion to detect all types of ash, and which can distinguish ash from, e.g., sand aerosols. Let us first define the ash brightness temperature difference (DBT) as the difference in brightness temperature between the channels at 1231.5 and 1168 cm −1 . Based on the examples presented in Figure 2 (channels are shown as dotted lines), a positive DBT is a good necessary criterion for the presence of ash, and throughout we will compare the proposed correlation method with ash detection based on this difference alone.
[7] Most of the spectra shown in Figure 2 exhibit a broad V-shape absorption between 750 and 1250 cm −1 , characteristic for the presence of mineral aerosols [DeSouzaMachado et al., 2006] . The exact shape depends on mineral composition, particle radii, altitude of the plume, optical depth and the possible presence of clouds and ice. There is also the possibility of having a strong SO 2 absorption feature in that spectral range (here visible in the Kasatochi spectrum around 1160 cm −1 ). A good example of an optically thick plume can be observed in the Sarychev spectrum with an almost flat baseline between 750 and 1150 cm −1 , pointing to an opaque plume. Ice is not uncommon in fresh volcanic plumes [Durant et al., 2008] , this is visible here in the top Eyjafjallajoküll spectrum, with a strong absorption towards 800 cm −1 . [8] Regarding composition, the spectrum of the Chaitén eruption (rhyolitic ash [Carn et al., 2009a] ) stands out with a marked concavity between 800 and 900 cm −1 . This observations forms the basis of the concavity algorithm, where the detection is based on a cutoff value of the linear Pearson correlation coefficient between selected channels and a concave parabola. The algorithm has the advantage of Figure 1 . IASI observations of a volcanic plume from the Eyjafjallajoküll eruption on 14 April 2010 (black) and a dust storm over the Taklimakan desert on 13 April 2010 (red). Shown in cyan and purple are the IASI spectra integrated on SEVIRI's spectral response function. These two spectra were chosen from a large set of ash and sand spectra, minimizing the difference between the two in the SEVIRI channels at 8.7, 10.8 and 12 mm, to illustrate the difficulty in distinguishing ash from dust. ) for standard DBT calculation. high sensitivity to optically thin rhyolitic ash clouds, but is not suited for the detection of mixed ice-ash scenes and suboptimal for the detection of ash types other than rhyolitic (the Chaitén spectrum is the only observation of rhyolitic ash in Figure 2) . Most of the other eruptions observed with IASI have a mineral composition of (trachy) andesite/basalt, characterized by a strong two slope extinction between 1050 and 1250, the slope transition occurring somewhere between 1160 and 1170 cm −1 . These two slopes are not observed in the spectra of dust storms. In turn, sand spectra include features not seen in ash, such as fine absorption signatures between 800 and 1000 cm −1 (see, e.g., the feature around 870 cm −1 in the Asian dust spectrum). These examples illustrate the necessity to utilize spectral information on the whole interval 750 to 1250 cm −1 (but excluding the ozone band around 1050 cm −1 ) for efficiently differentiating aerosol type.
[9] Correlation coefficients are well suited to find such similarities and differences. Two functions f 1 and f 2 are said to have the same shape if they are linearly related via f 2 = |a|f 1 + b, i.e., have a (linear Pearson) correlation coefficient equal to one [Serio et al., 2000] . Totally uncorrelated shapes will have a correlation coefficient of zero. Applying this to the problem of ash detection, the basic idea is to calculate the linear correlation coefficient between an observed spectrum and a set of reference spectra, and conclude the presence of volcanic ash if these coefficients exceed certain threshold values. These correlation coefficients should be calculated in brightness temperature space, using a subset of spectral baseline channels (i.e., channels with minimal interference of trace gases).
[10] Putting this idea into practice, the first step is to compile a database of reference spectra. These could be created via forward simulations, as demonstrated by Clarisse et al. [2010] . However, such simulations require good knowledge of the refractive indices from different types of ash, information which is currently not available. Instead we propose to take the reference spectra from real observations of volcanic plumes. Here it is important to select spectra with distinct structure (i.e., large absorption features). The choice of using real spectra as reference spectra will be justified in detail later.
[11] The second step is the determination of the threshold values. Per reference spectrum, we propose two thresholds, a global and a lower local detection threshold. The global threshold can be determined from the maximum correlation of each reference spectrum with a large number of spectra observed over desert and dust storms. Choosing the global threshold in this way guarantees a minimum of false detections. The lower local detection thresholds can be obtained from the maximum correlations of the reference spectra with spectra observed over mineral free scenes. Note that reference spectra with a strong absorption feature will have a lower associated threshold value than spectra with a weak absorption feature (with a flatter baseline). Thus each reference spectra should have a unique associated threshold values. After the reference spectra and the threshold values have been obtained the correlation method for ash detection can be summarized as:
[12] 1. Determine all observations with an ash correlation coefficient exceeding the global threshold.
[13] 2. In an area of 5°× 5°around the spectra identified in the previous step, find all observations exceeding the lower local detection threshold.
[14] 3. For all the observations identified in the previous step, find all adjacent observations with a DBT > 0.5.
[15] This three step procedure guarantees a minimum of false detections and a maximum likelihood of capturing the full extend of the plume. For aged plumes (when the location of the plume is already known by a previous observations), the first step can be skipped. The full strength of the above algorithm can be appreciated from the examples presented in next section.
Examples and Conclusion
[16] In order to avoid trace gas contamination, we have used only a subset of 77 IASI channels, selected as the brightest channel per interval of 5 cm −1 in the range 770 to 1240 cm −1 on the average spectrum of one day of IASI spectra. The reference spectra were taken from plumes from the Eyjafjallajoküll eruption on 14 April 2010. In total 25 spectra were selected from observations on the 14th and 15th April, some containing clear ash/ice signatures, others only an ash signature. The global thresholds were obtained from spectra selected over deserts and several dust storms in Australia, Asia and Africa. The local detection thresholds were obtained from spectra over the Atlantic Ocean and Europe on a clear day (i.e., no traces of dust).
[17] Figure 3 shows DBT values for 4 selected scenes. Only pixels identified as ash are plotted. On the left the standard criterion DBT > 0.5 was used to identify ash, whereas on the right the correlation method described here was used. The first scene shows a plume over Europe on 16 April coming from the Eyjafjallajoküll eruption on 14 April 2010. While the plume is visible on the left (and could be enhanced using an averaging contour plot), it is masked by background noise and the signatures of Saharan and Arabian desert sands. The correlation detection manages to differentiate the ash plume from the background and does not suffer from false detection due to surface emissivity features of deserts. Note that the presence of meteorological clouds (shown in light grey) does not seem to interfere with the detection. It should be noted however, that cloud interference depends on the opacity of the cloud as well as cloud height. The same plume but one day later, is shown in the second scene. It also shows a new eruption from Eyjafjallajoküll. Although the reference spectra were chosen from a fresh plume, the correlation method manages to capture the mesoscale spread of the aged plume, showing that the obvious processes of aggregation and fall out of ash and ice do not alter the spectral absorption shape dramatically. The third scene is taken over a dust storm over the Taklimakan desert on 13 April 2010. While the spectra have a very clear V-shape spectra (a spectrum from this storm is shown in Figure 1 ), with DBT values over 5K, the correlation method avoids false detections. This is an important demonstration of the performance of the method and its applicability for operational volcanic hazard monitoring. The fourth scene is taken from the Montserrat eruption on 12 February 2010. Both criteria pick up the plume very nicely, with again less background noise for the correlation criterion.
[18] The last scene is a good demonstration of the fact that reference spectra from one eruption can correlate well with spectra from other eruptions. This has important implications for the practicality of the algorithm, showing that a representative set of eruptions will successfully detect a wide range of eruptions with similar composition. The eruptions from Figure 2 that our set of 25 reference spectra were unable to detect were the Kasatochi eruption (large SO 2 feature) and in part the Chaiténeruption (rhyolitic ash). Thus for operational applications, it will be important to include in the reference set observations of different ash types (along with initial verification on previous eruptions). When a marked SO 2 signature is present, detection of ash should only use the 750 to 1000 cm −1 range, but is facilitated by the fact that the global thresholds can in this case be taken much lower, because observation of SO 2 in the infrared implies observation of a volcanic cloud. By extension, it is clear that a similar technique could be applied to the detection of other aerosol types (dust storms, meteorological clouds, biomass burning plumes, etc.) and that the method has general applicability to other infrared hyperspectral sounders. 
